This document provides a review of the literature on International R&D Spillovers and includes unit root test results, the additional results of static and dynamic models, plots of all series, Stata routines, and tables of the data collection on Gross Expenditure on R&D (GERD) as a percentage of GDP, as found in the study by Ruge-Leiva (2015) "International R&D Spillovers and other Unobserved Common Spillovers and Shocks."
Review of the Literature
The article by Coe and Helpman (1995) (hereafter CH) has been fundamental for several studies on international R&D spillovers at the aggregate level, which have analyzed three aspects of CH that have generated a considerable degree of debate: the weighting scheme used to construct a foreign R&D variable, the econometric implementation, and the inclusion of other regressors and weighted foreign R&D variables, which are defined according to other channels of knowledge diffusion.
Weighting scheme used for a foreign R&D variable
The CH weighting scheme, referred as the import-share-weighted average of the domestic R&D capital stock of trade partners, has been used to construct foreign R&D variables. However, this methodology has not been widely accepted in the literature on international R&D spillovers. Keller (1998) , for example, casts doubt on the CH weighting scheme. In Keller"s approach, which uses counterfactual estimates by Monte Carlo experiments, CH regressions are repeated by including foreign R&D variables which are computed with random bilateral import weights. Based on OLS models, similar results for true and counterfactual trade patterns are obtained; therefore, it is inferred that the pattern of trade might not be important to capture R&D spillovers. This is supported by larger spillovers obtained from a proposed foreign R&D variable constructed with the sum of the domestic R&D stocks of foreign partners.
However, Coe and Hoffmaister (1999) demonstrate that when alternative random weights are used, spillovers are small, when compared with the original weights from CH. Xu and Wang (1999) have shown that Keller"s criticism does not apply when a spillover variable based on capital goods imports data is constructed because the inclusion of this variable improves the goodness of fit of the model, so that the weighted variables may yield information on knowledge spillovers. Moreover, Funk (2001) notices that Keller (1998) uses OLS on nonstationary panel data, so his estimates might be biased and provide inadequate information about the randomly weighted foreign R&D stocks. Employing new cointegration techniques, Funk (2001) finds that the choice of weights might yield information on R&D spillovers. In contrast, Edmond (2001) supports the findings by Keller (1998) when he allows for heterogeneous technology slopes, uses cointegration techniques and employs the CH sample.
Another major criticism of the CH weighing procedure is set forth by Lichtenberg and van Pottelsberghe de la Potterie (1998) (hereafter LP), who find that the CH weighted foreign R&D variable suffers from an aggregation and indexation biases. To deal with these problems, LP formulate a new weighted foreign R&D variable which is shown to outperform the CH spillover variable. However, Coe et al. (2009) , by expanding the CH sample and without indexing the R&D variables, show that a CH spillover regressor and a LP weighted foreign R&D variable perform equally well when human capital or institutional variables are included. In fact, when a LP regressor and a CH variable are included in the same regression with the human capital, the CH variable performs better.
Other studies which have adopted the LP weighted foreign R&D variable, have found significant knowledge spillovers and that a LP variable does better than a CH spillover regressor. This is the case of Xu and Wang (1999) , who employ capital and non-capital goods imports in a CH framework; Falvey et al. (2002) , who use per capita GDP instead of TFP to analyze the impact of foreign R&D which can be a public or a private good in a donor country and in recipient developing countries ; and Madsen (2007) , who follows the CH specification and uses patent data and a panel for 16 OECD countries over 135 years to analyze knowledge spillovers and TFP convergence. Further, van Pottelsberghe de la Potterie and Lichtenberg (2001) use the LP procedure to study R&D spillovers embodied in imports and outward and inward FDI, and find that only inward FDI is not significant. Other studies, such as that by Guellec and van Pottelsberghe de la Potterie (2004) , argue that a foreign R&D variable based on bilateral technology proximity should be preferred because technology may spread without an exchange of goods.
Econometric implementation
CH "s work sheds light on the proper use of cointegrating regressions without differentiating the data and in the presence of nonstationary covariates, which exhibit a time trend. However, Kao et al. (1999) states that since robust panel cointegration techniques were not available at the time of the CH study, CH could not address econometric issues, such as the characterization of the asymptotic distribution of the estimated cointegrating vector in a panel data model and the efficiency of estimates based on a small sample data set. Therefore, Kao et al. (1999) use dynamic OLS (DOLS) models and new cointegration tests to compare their results with those of CH. They show that the CH estimates are biased and foreign R&D spillovers are insignificant. However, Zhu and Jeon (2007) and Coe et al. (2009) , show that it is possible to find significant and positive traderelated knowledge spillovers when Dynamic OLS models are employed.
Edmond (2001) uses panel cointegration tests in a CH setup which allows for cross-section heterogeneity. He shows that foreign R&D estimates become negative. Moreover, for a sample of 10 OECD countries from 1965-1999 and using multivariate VAR methods under a CH specification, Luintel and Kahn (2004) find heterogeneity in the R&D dynamics so that data cannot be pooled, and normalization of the relationship on TFP for some countries is not valid because there could be reverse causality. By contrast, Coe et al. (2009) show that when allowing for heterogeneity in slopes, the results do not differ from those of the DOLS models. In a more recent study, for a sample of 65 countries over a 40 year period and using Granger causality tests to address simultaneity problems, Bravo-Ortega and Garcia Marin (2011) show that with the inclusion of other covariates such as R&D expenditure, non-linear R&D, openness, scale economies, institutional and cyclical variables, R&D expenditure per capita is significant and that foreign R&D spillover variables are insignificant.
In the more recent years, some articles have highlighted the importance of studying the international knowledge spillover at the aggregate level, by taking into account the effect of unobserved common micro and macroeconomic spillovers and shocks across countries and years in a multifactor error structure. Two articles by Belitz and Molders (2013) and Ertur and Musolesi (2013) have analyzed the role of spillover variables at the aggregate level within a common factor framework (which take unobservables into account), by comparing their results with those of a CH approach, which does not account for unobserved common shocks (results from a spatial error model are also compared in Ertur and Musolesi (2013) ). Belitz and Molders (2013) use LP weighted foreign R&D variables and data on the number of patent applications for 77 countries from 1990-2008 to study the knowledge transfer via trade, FDI, internationalization of business R&D, imports of high tech goods and R&D of foreign owned companies; whereas Ertur and Musolesi (2013), using the CH dataset, study the international knowledge transfer as a decreasing function of geographical distance from foreign economies. Both papers have provided evidence of significant foreign R&D estimates in common factor models, so that the authors claim that international knowledge flows determine TFP in accordance with the findings of the literature on international R&D spillovers.
Inclusion of other determinants of productivity and weighted foreign R&D variables defined according to other channels of knowledge diffusion
Other studies have shown that the significance and/or the magnitude of international R&D spillovers captured by a CH foreign R&D variable weighted by bilateral imports may vary across countries when other determinants of TFP and weighted foreign R&D variables defined according to other channels of knowledge diffusion are regarded. Coe et al. (1997) implement the CH framework (although without including a domestic R&D variable) to study the effect of the foreign R&D, openness and human capital stock on productivity across 77 developing countries between 1971 and 1990. They find that these variables determine the TFP of developing countries so long as foreign R&D is interacted with openness. Another finding is that North-South spillovers are important even though their magnitude might differ across countries. Engelbrecht (1997) broadens the CH study by including a human capital variable, and subsequently adds an interaction between a human capital variable and a catch-up regressor. His findings show that while the fact that coefficients of domestic and foreign R&D remain statistically significant, overall estimates shrink when human capital is incorporated. Funk (2001), employing the CH framework and data, cointegration techniques and dynamic OLS panel data models, shows that the international R&D spillovers captured by a CH foreign R&D variable weighted by bilateral exports are statistically significant while spillovers diffused by bilateral imports are statistically insignificant.
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Another study by Park (2004) who follows the basic CH specification and weighting scheme, and employs cointegration techniques, shows that domestic R&D and knowledge spillovers through student migration are significant, whereas knowledge flows through trade are insignificant. Lee (2006) , who follows the CH framework and uses dynamic OLS for a panel of 16 OECD countries from 1981-2000, shows that knowledge spillovers embodied in inward FDI and disembodied in patent citation and technological proximity are significant, while those embodied in outward FDI, and imports through a CH weighted foreign R&D variable based on imports of intermediate goods are insignificant.
More recently, Zhu and Jeon (2007) basing themselves on the CH framework, weighting scheme and sample from 1981-1998, and using OLS and DOLS models, demonstrate that international trade, inward and outward stock-based FDI and information technology are significant and positive channels of knowledge diffusion when they interact with their respective measure of openness (except outward FDI in DOLS models), but trade-related spillovers shrink. Coe et al. (2009) show that when the human capital is accounted for, R&D spillovers shrink. However, when openness and foreign R&D are interacted, they rise. Also, when institutional variables are added (without human capital), the spillovers tend to increase; conversely, they fall when patent protection and human capital are incorporated. Table B reports results for models which include foreign R&D variables based on alternative weighting schemes. As can be seen, specifications (i) to (iv), which include LP foreign R&D variables that allow for knowledge dissemination from all OECD countries plus BRICs and from 23 OECD countries plus BRICs, are characterized by stationarity and low degrees of cross-section dependence of the residuals and yield significant foreign and domestic R&D estimates. This also applies only to the specifications with a CH weighted foreign R&D variable, which allows for knowledge dissemination from 23 OECD countries plus BRICs, such as (v), and from all OECD countries plus BRICs, such as (vii), both without a time trend. In contrast, four specifications that include a foreign R&D variable based on CH weights (in Table B , models (vi) and (viii) to (x)) are misspecified, due to strong cross-section dependence of the residuals, despite the fact that all domestic and foreign R&D coefficients are positive and significant at the 1% level. This suggests that these specifications are characterized by seriously biased and inconsistent estimates, even when unobserved common shocks have been regarded. According to these findings, we can conclude that the estimates of the R&D variables embody a mixture of the direct effects of the R&D variables and unobservables because they are subject to residual cross-section dependence. Therefore, traderelated R&D spillovers cannot be identified. In fact, this problem is more pervasive for the estimates where a CH foreign R&D variable has been included, because the coefficient of a spillover variable is subject to a high degree of residual cross-section dependence, which also yields drastic changes in the domestic R&D estimates compared to the estimates of other models.
Unit Root Tests Results

<<INSERT TABLE A HERE>>
Additional Results of Static Econometric Models
<<INSERT TABLE B HERE>>
Additional Results of Dynamic Models That Account For Error Cross-Section Dependence
Tables C1 to C5 present results for dynamic models that include LP and CH foreign R&D variables weighted by different schemes and that account for unobservables. Tables C1 and C2 contain results from dynamic models that include LP weighted foreign R&D variables which allow for knowledge dissemination from 23 OECD countries plus BRICs and from all OECD countries plus BRICs respectively. They show that there is complementarity between the results of the CS-ARDL and CS-DLMG models since at least one of the former which include three lagged crosssection averages of the variables, two of the former which incorporate two lagged cross-section averages, and all the CS-DLMG models, yield positive and significant estimates of the domestic and foreign R&D. Moreover, these models are not misspecified since there are low degrees of residual cross-section dependence and cointegration in the long-run is achieved at the 1% level for the CS-ARDL models. In Tables C3 and C4 , it seems that when the models include a CH foreign R&D variable, the coefficient of this variable is larger than that obtained from models which include LP foreign R&D variables and that have been reported in Tables C1, C2 and Table 5 of the main article. Further, the coefficient of the domestic R&D is significant in most cases, long-run cointegration is significant at the 1% level for CS-ARDL models, and at least three CS-ARDL and all CS-DLMG models yield low degrees of the cross-section dependence of residuals and significant and positive domestic and foreign R&D coefficients.
<<INSERT TABLES C1 TO C4 HERE>>
A different situation is presented in Table C5 where a CH weighted foreign R&D variable with information on knowledge transmission from all countries of the sample has been incorporated. Although all CS-DLMG models have low degrees of the cross-section dependence of the residuals, positive and significant estimates for the domestic and foreign R&D variables, and large foreign R&D estimates, only one of the five CS-ARDL models is characterized by all these features. The other four CS-ARDL models manage to have many of these features, but, strangely, none of their domestic R&D coefficients are significant and all are very small compared to the estimates from Tables C3 and C4. This unusual change does not happen when a LP weighted foreign R&D variable is introduced under any of the three knowledge diffusion configurations stated in Tables C1, C2 or  Table 5 of the main article. As a result, the CS-ARDL and CS-DLMG models from Table C5 are not as complementary as the models in Tables C3 and C4 . This might indicate that results of dynamic models which account for feedback effects and unobserved common effects are sensitive to the inclusion of a CH weighted foreign R&D regressor which incorporates the global dissemination of knowledge from all countries of the sample (including most of the emerging economies of the sample). Therefore, this evidence indicates that the inclusion of this sort of weighted knowledge variable could affect estimates of the domestic R&D regressor. Moreover, these findings indicate that LP and CH spillover variables cannot successfully separate R&D spillovers from unobservables. In fact, their coefficients might be capturing other data cross-section dependencies rather than genuine R&D spillovers.
<<INSERT TABLE C5 HERE>>
Plots of All Series
Data for 7 countries are illustrated in Figures 1 to 3. Figure 1 shows that the Chinese TFP registered the largest growth between 1970 and 2011 (3% on average), with a shift in 1980. In contrast, the Brazilian TFP registered a negative growth, at an average rate of 0.5% and coincided with Latin America"s "lost decade" in the 1980"s. Thailand, the US, the UK and India show a similar TFP growth rate (0.7%) and increase at an identical rate over time. Although the Russian TFP also grows by 0.7% on average over time, its dynamic is different from that of the other six countries. It falls in the 90s due to a structural change of its political and economic regime, but then it rises steadily from 1999. Moreover, the TFP falls for all countries (except China) in 2008, and later TFP recovers.
Figure 2 displays a positive trend for the domestic R&D capital stock, except for Russia which exhibits a slight U shape evolution. Chinese domestic R&D grows quickly from 2000, while the growth of Brazilian and the Indian domestic R&D accelerate from the mid 1980"s (with an average growth of 4% from 1970 to 2011). Conversely, the UK domestic R&D registers the smallest growth rate (2%) after Russia, whose growth rate is negative (-0.4%). As seen in Figure 3 , foreign R&D capital stock presents a monotonic upward trend, falls for all countries in 2008 and is more volatile across countries than the domestic R&D capital stock and the TFP. The foreign R&D for China, Russia, Thailand and India grow faster than the other countries (15.6%, 13.5%, 9.8% and 7.2% in average respectively). Meanwhile, the UK and the US register the lowest growth rates (which rose about 4%).
<<INSERT FIGURES 1 TO 3 HERE>>
Stata Routines
We carried out our empirical study in Stata 13 by using the following econometric routines 2 :
i) Multipurt of Eberhardt (2011a) (2012) updated by Eberhardt (2013) . I use this command to carry out all regressions where I allow for heterogeneity in technology parameters.
Data collection on Gross Expenditure on R&D (GERD) as a percentage of GDP
<<INSERT TABLES D1 AND D2 HERE>>
2 Stata Do-files with full routines are available upon request. 
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